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Introduction
There has been a gradual shift from paper-based reading to reading on digital devices, such as computers, tablets, and cell-phones. Although there are clear advantages of digital-based assessment and learning, including reduced costs and increased individualization, research indicates that there may be disadvantages as well, as described below. In addition, findings from previous reviews of studies on the effects of digital reading on comprehension have been inconclusive (Dillon, 1992; Kingston, 2008; Noyes & Garland, 2008; Singer & Alexander, 2017; Wang, Jiao, Young, Brooks, & Olson, 2007) . The current paper presents a meta-analysis of recent studies that investigated the effects of paper versus digital media on reading comprehension. In addition, we also explored the effects of several potential moderator variables whose influence may help to explain previous inconsistencies among study results.
Text comprehension and the role of media
Theoretical models of reading comprehension have extensively considered the interplay among reader characteristics, text content and design, and reading instructions (for a review see McNamara & Magliano, 2009) . However, the factor of the medium has been mostly ignored, despite empirical evidence suggesting that it influences reading outcomes (e.g., Singer & Alexander, 2016) . In particular, considered media-related differences in learning outcomes from a metacognitive perspective. In addition to learning outcomes, they compared learners' monitoring of their comprehension and allocation of their study time. On each medium, immediately after studying each text, participants predicted their success rates (in %) and were tested through multiple-choice questions. Moreover, to the best of our knowledge, these authors are the only ones who empirically considered the time frame as a potential moderating factor of media effects on learning outcomes. They examined the learners' adjustment to studying under time pressure, compared to free study time, on both media. Under time pressure, but not under free time, those who read from computers showed screen inferiority: they had more pronounced overconfidence than paper learners and achieved lower test scores. Moreover, only in paper-based reading, participants improved their efficiency under time pressure, compared to learning in a free time frame. Importantly, whereas theories of monitoring and allocation of study time assume close relationships between the two, found close relationships in paper-based reading, but more erratic time allocation decisions in digital-based reading. Before this study, conducted with young undergraduates, weak associations between monitoring and time allocation decisions were only found in elderly people and people with mental illnesses (Koren, Sneidman, Goldsmith, & Harvey, 2006; Pansky, Goldsmith, Koriat, & Pearlman-Avnion, 2009 ). Furthermore, several recent studies found that the preference for paper over digitalbased reading persists despite technological advances (Baron, Calixte, & Havewala, 2017; Mizrachi, 2015; Kurata, Ishita, Miyata, & Minami, 2017 ; but see Singer & Alexander, 2017a) . found that methods to overcome screen inferiority are effective only for people who prefer digital reading, but not for those who prefer paper reading. Together, the reviewed findings demonstrate several aspects of reading comprehension that have been overlooked so far in reading theories, highlighting the medium as an environment that affects reading outcomes, above and beyond reader and task characteristics.
In sum, the way the media affect reading comprehension outcomes is still unclear. Several researchers have explained screen inferiority under some conditions as being due to people's stronger inclination toward shallow work in digital-based environments than in paper-based ones (see Annisette & Lafreniere, 2017; Wolf & Barzillai, 2009 ), particularly when the task design indicates its legitimacy, as when working under a limited time frame Sidi, Shpigelman, Zalmanov, & Ackerman, 2017) .
A meta-analysis provides an opportunity to examine media effects on learning outcomes while considering overall task characteristics, such as time frames, participant characteristics, and the display technology, across theoretical frameworks, populations, and methodologies. Importantly, a meta-analysis makes it possible to consider potentially moderating factors, even across studies that did not include these factors in their designs, by comparing enough studies that used each level of the factor (e.g., only limited time frame vs. only free time allocation). Exposing moderating factors can guide future theoretical development and practical recommendations.
Previous reviews and meta-analyses
In the past ten years, only a few meta-analyses and literature reviews have been undertaken to determine the nature of the medium's influence on reading outcomes. Wang et al. (2007) focused on K-12 student population. Their meta-analysis examined media effects on performance on standardized tests, and it included 11 primary studies that yielded 42 comparisons. They found better reading outcomes in paper-based testing than in digital-based testing. The mean effect size (.08) was significant, but small (see Cohen, 1988) , and this difference between reading media was larger in studies that used fixed linear computerized tests (n = 37) than in those that used adaptive computerized tests (n = 5). Wang and colleagues concluded that differences between testing media are probably test specific, so that an analysis of potential media effects should be conducted for each type of test separately. Kingston (2008) conducted a larger meta-analysis that included 81 effect sizes from 16 studies. This study focused on testing academic achievement across several academic topics in K-12 populations, and it showed a small advantage for digital administration in English Language Arts and Social Studies (effect sizes of .11 and .15, respectively), along with a small advantage for paper administration in Mathematics (effect size of −.06). More relevant to our focus, eight of the studies included in Kingston's work assessed reading outcomes, five of which were included in Wang et al.'s (2007) meta-analysis, and found no effect of reading media. Regarding the digital disadvantage in Mathematics, Kingston alludes to possible difficulties when completing tests on a computer due to switching to sketch paper before answering. In sum, results from these meta-analyses are inconsistent. Some findings point to advantages of print text, whereas others favour digital text, and still other results indicate that media effects depend on the topic.
Recently, Kong, Seo & Zhai (2018) performed a meta-analysis with 17 studies dating from 2000 to 2016. Results revealed better performance when reading from paper than when reading from digital devices (effect size of -.21). This meta-analysis incoropated a relatively small number of studies which included great variability in terms of populations (e.g. second-language students), and tasks (e.g. perceived comprehension or proofreading). Interestingly, despite considering several potential moderating factors, this analysis did not reveal any significant effects. The authors acknowledged the need for considering additional moderating factors.
Two narrative literature reviews attempted to promote understanding of media effects on reading comprehension. Noyes and Garland (2008) reviewed media comparison studies that focused on reading outcomes but also on tasks such as examinations, writing, and filling in questionnaires (e.g., psychometric tests and surveys). They concluded that, although equivalence between the media was a challenge, differences, where found, appeared to be task specific. In particular, with respect to reading outcomes, the results were heterogeneous regarding comprehension and reading speed, with no clear conclusions about the influence of the media.
Recently, Singer and Alexander (2017b) described studies published from 1992 to 2017. They found it difficult to reach conclusions and pointed to a lack of clarity in definitions of paper and digital reading, as well as a lack of important information in many studies, such as text features (genre and length), individual differences (e.g., reading rate and vocabulary), validity and reliability of the tasks used to measure reading outcomes, characteristics of the reading tasks, levels of comprehension evaluated, and scoring criteria. Singer and Alexander called on researchers to investigate how various factors interact with media and potentially explain the mixed results found in the literature.
The main conclusion drawn from the above review of previous meta-analyses and narrative research synthesis is that media effects are inconsistent. This may be partially explained by the difficulty of comparing paper texts to digital texts which include incomparable features such as hyperlinks, animations, or adaptive tests which may confound and hide media effects on learning processes. Another potential reason for the inconsistent results is the fact that most of the previous reviews did not consider or did not find moderating factors. Finding robust moderating factors can shed light on the reasons for the seemingly inconsistent media effects found. As mentioned above, found inferior comprehension in digital-based reading compared to paper-based reading under time pressure, but media equivalence in free time conditions. This finding raises the option that the time frame allowed for reading is a factor that differentiates between studies that find an advantage of paper and those that find media equivalence. Considering the time frame as a moderating factor across a large collection of studies can inform us whether this specific study exposed a pattern which is robust across methodologies and populations.
In the present meta-analysis we aimed to facilitate comparisons between print and digital media by including only studies that used linear reading materials, where the digital texts closely resembled the printed versions. This focus allowed us to eliminate some of the aforementioned complexities. In addition, by performing a comprehensive meta-analysis we aimed to examine the influence of several potential moderating factors on media effects, in addition to the time frame just mentioned. We see high importance in identifying moderating factors for pointing to conditions that yield an advantage of print across methodologies and conditions, those that yield an advantage of digital devices, and those that result in equivalent outcomes.
Effects of experience with digital technologies
It could be argued that a potential straightforward moderator of digital text comprehension is experience using technology. In other words, potential comprehension difficulties in digital reading will disappear once students have enough experience with digital technologies. According to this view, as each new generation is surrounded by digital devices earlier and earlier in life (e.g. ASHA, 2015; Childwise, 2017), we should expect newer generations to achieve equivalent, or even better, comprehension levels in digital-based reading compared to paper-based reading (see illustration in Figure 1 , left panel). To explore this view, we investigated whether the publication date reveals a decreasing advantage of paper in recent years due to greater exposure to technology than in earlier years. If this was the case, with enough experience with digital technologies, readers would be able to overcome any potential detrimental effect on comprehension. In our schematic presentation (Figure 1 ), we use paper comprehension as the reference level and illustrate potential changes in digital-based comprehension relative to it. Importantly, because we analyse effect sizes rather than objective measures of performance, we cannot know whether this paper-based reference level changes over time. In particular, one could also argue that because new generations may have less exposure to printed texts, paper comprehension will decrease rather than remaining constant. In any of those two cases, the prediction about the evolution of digital-based reading from this perspective is that reading ability on this medium will improve with further experience. Therefore, the advantage of print over digital-based reading will decrease over the years, regardless of the pattern of change in paper comprehension.
Several researchers have argued, however, that increasing exposure to technology, with its emphasis on speed and multitasking, may encourage a shallower kind of processing that leads to a decrease in deep comprehension in digital environments (e.g. Wolf & Barzillai, 2009 ). Indeed, current evidence supports the claim that mere experience with digital technology does not improve students' comprehension skills, but instead has a detrimental effect (Duncan, McGeown, Griffiths, Stothard, & Dobai, 2015; Pfost, Dörfler, & Artelt, 2013) . This view leads to the alternative hypothesis that the paper advantage over digital media increases with time ( Figure 1, right panel) . If true, this would be a call for researchers, policy-makers, and education professionals to join forces to develop methods to support effective digital-based reading and learning. 
Objectives
The aim of this meta-analysis was to gain a broad perspective of empirical studies comparing digital and print reading outcomes. Specifically, we had two objectives: 1) Examine whether the reading medium affects reading comprehension outcomes.
2) Identify moderating factors of the effects of the medium on reading comprehension outcomes.
Method

Selection criteria of the studies
Studies included in the meta-analysis met the following criteria:
1. The study compares comprehension in paper-based and digital-based reading, respectively defined as reading texts printed on paper and reading texts displayed on digital screens, including computers, tablets, mobiles phones, and e-readers. 2. Participants read individually and silently. 3. Reading materials are comparable across media in terms of text content, structure, and presence of images. Therefore, specific features of digital environments, such as hyperlinks or web navigation, are not present in the digital-based condition. 4. The participants study in their daily-used language. . Participants are a sample from a normative population (i.e., typical development, no reading difficulties, and no cognitive impairments or disorders). 6. The study makes an empirical contribution that includes the results of the comparison (i.e. the paper is not a review or an opinion). 7. The study was published or presented from the year 2000 to 2017. Formal publication was not required. 8. The report is written in English. 9. The report includes specification of the effect size or sufficient statistical information to calculate it (or this information was provided by the authors following a personal request). 10. The statistical data allow parametric analyses.
Search procedure
Several literature search procedures were used to locate relevant studies and previous reviews. Firstly, some electronic databases were consulted: PsycInfo, Eric, Proquest Psychology, Web of Science, Scopus (Physical Sciences and Social Sciences & Humanities), dissertation and theses (Proquest), and Google Scholar. The search included the following terms 1 : "("computer reading" OR "online reading" OR "screen reading" OR "digital reading" OR "print reading" OR "paper versus screen" OR "differential test" OR "computer-based testing" OR "computerized testing" OR "Computer Assisted Testing" OR "electronic book" OR "electronic text" OR "media effects" OR "reading medium" OR "mode effect") AND (memory OR comprehension OR retention OR "test performance" OR learning)". These terms were searched as title, abstract, or keywords. As recommended by Card (2012) , we complemented the search with additional strategies. Thus, secondly, references included in previous reviews were examined. Thirdly, we approached experts and societies in this area (The Society for Text and Discourse, Society for the Scientific Study of Reading, The European Association for Research on Learning and Instruction, and COST E-READ Action) asking for information about unpublished studies. Fourthly, a forward search was performed using Google Scholar to find studies that cited the works selected. Finally, references from the selected studies were also retrieved. The search ended in May 2017. The search described above yielded 1,840 records. The selection process from this initial collection is described in Figure 2 . We ended up with 54 studies that satisfied all the inclusion criteria. Some studies reported more than one media comparison due to considering additional independent factors (e.g., educational level, text genre, digital devices). See the effect size index section below for details about the use of these subgroups. The final sample consisted of 76 media comparisons, each contributing an individual effect size. The meta-analysis is based on 171,055 participants. See 1 The study of media effects on reading comprehension has been the focus of several disciplines, including reading research, reading assessment, educational practice, media studies and learning technologies. Each discipline tends to use idiosyncratic words for similar, if not identical, scenarios. For example, the dependent variable in a situation where students read a text and answer comprehension questions is termed "test performance" in the assessment literature, but the term "comprehension scores" is used in the reading literature. Therefore, to avoid leaving out relevant studies from a particular field, we opted to include a broad range of search terms in our query.
Appendix (Table A1 and Table A2 ) for a detailed distribution of the participants among the studies.
Note.
1 Not reported in the study report and not provided by authors following a personal request. 
Coding the studies
Several characteristics were coded for each comparison. This allowed for descriptive information and the consideration of moderating variables for the reported effect sizes. When necessary information was not included in the paper for a particular variable, it was coded as "Not reported" (N/r). When available, the following variables were coded: 12. Sample size: number of participants. 13. Sampling method: (a) probability (some process or procedure that ensures that the different units in the population have equal probabilities of being chosen) or (b) non-probability.
14. Allocation of participants to media conditions: (a) random, (b) quasi-random, (c) non-random but matched or controlled, (d) non-random and not controlled, and (e) within-participant design.
Type of reading comprehension test: (a) standardized/official test or (b)
researcher-created task. 16. Testing medium: whether participants completed the comprehension test (a) on the same medium used for reading the texts, (b) always on paper, or (c) always on the digital device.
The coding process was conducted by two independent judges, based on a random sample (28%) of the studies included in the meta-analysis. Inter-rater reliability was adequate, showing a Cohen's kappa equal to .89 (minimum = .71, maximum = 1) for qualitative variables, and an intra-class correlation (95% CI) yielding absolute agreement for continuous variables (ICC = 1). Disagreements were discussed. For transparency and objectivity, a coding manual was developed and is available by request from the last author. A descriptive overview of the studies included is given in the Results section and in the Appendix (Table A1 and Table A2 ).
The effect size index
The effect size was calculated for each comparison, using means, standard deviations, and sample sizes (Borenstein, Hedges, Higgins, & Rothstein, 2009) . When the studies used a between-participant design, the standardized mean difference, Hedges' g, was used as the effect size index. This index was defined as the difference between the digital-based (treatment) and paper-based (control) groups' means on the post-test, divided by a pooled within-group standard deviation (Cohen, 1988) . In addition, to estimate unbiased effect sizes, the correction factor for small sample sizes proposed by Hedges and Olkin (1985) was used. A positive Hedges' g indicates better comprehension results for the digital-based condition, whereas a negative Hedges' g indicates better outcomes for the paper-based condition.
For studies that used a within-participant design (each participant read on both paper and digital presentations), the standardized mean change index, d c , was used to estimate the effect sizes. This effect size index is defined as subtracting the mean of the treatment group from the mean of the control group, and then dividing it by the standard deviation of the control group (Botella & Sánchez-Meca, 2015; Morris, 2000) . In this case, in order to keep the interpretation of the direction of the mean effect size constant across both datasets (i.e., a positive value indicates better reading outcomes for the digital-based condition and vice versa), we used the digital-based condition as the control group. None of the studies reported the correlation coefficients, and thus, all values were imputed for a conservative estimate (r = .7), as recommended by Rosenthal (1991) . As in the previous index, the correction factor for small sample sizes was applied to calculate this effect size index (Hedges & Olkin, 1985) .
Finally, as indicated above, some studies reported multiple comparisons. In these cases, the following strategies were applied: a) when the study contained multiple between-participant treatments, the effect size for each subgroup was estimated; b) when there were multiple-treatment groups but they were dependent subgroups, effect sizes and their variances were combined into overall effect sizes and variances for these subgroups; c) if two digital-based groups were compared with the same control group, the sample size for the control group was divided by two to minimize dependence (Higgins & Green, 2011) ; and d) when the study provided data on multiple outcome measures, effect sizes and variances were averaged to create a single effect size and allow statistical independence of the data (Lipsey & Wilson, 2001 ). In one case, a combination of strategies b and c had to be applied due to the existence of three digitalbased reading groups.
Statistical analyses
Two separated meta-analyses were performed because it is not recommended to combine studies with between-participant and within-participant designs in one metaanalysis (Lipsey & Wilson, 2001 ). In each meta-analysis, a weighted mean effect size with its confidence interval (95%) was estimated, and a forest plot was made. Cochran's Q statistic was used to assess the presence of heterogeneity (Huedo-Medina, Sánchez-Meca, Marín-Martínez, & Botella, 2006) , and I 2 indexes estimated the proportion of observed variance that is not due to sampling error. Furthermore, the prediction interval was calculated to provide additional context. A random-effects model was used to analyse effect sizes because it is generally regarded as more realistic (Borenstein et al., 2009; Borenstein, Higgins, Hedges and Rothstein, 2017; Cooper, Hedges, & Valentine, 2009; Huedo-Medina et al., 2006) . Between-study heterogeneity was examined with ANOVAs for qualitative moderators and simple meta-regression for continuous moderators (Borenstein et al. 2009; Cooper et al, 2009) , applying the adjustment proposed by Knapp and Hartung (2003) . The proportion of variance explained by moderators was estimated by the R 2 index (Raudenbush, 2009) .
The normality assumption and outlier detection were assessed by examining the Q-Q normal plot, the Kolmogorov-Smirnov test with the Lilliefors correction, the Shapiro-Wilk test, and the standardized residuals (values greater than 3 in absolute magnitude were considered outliers). When potential outliers were identified, the robust model proposed by Beath (2014) was applied to confirm, removing effect sizes when a probability greater than .9 was found.
Sensitivity analysis was performed to evaluate the robustness of the results. The one-study-removal approach was used to evaluate the impact of each effect size on the mean estimate of the mean effect obtained (Borenstein et al., 2009) . Moreover, when calculating the mean effect size for within-participant comparisons, due to the small number of effect sizes, additional methods were used to estimate τ 2 (in particular, the DerSimonian and Laird method with Knapp and Hartung adjustment, the maximum likelihood estimator, and the restricted maximum likelihood estimator). Finally, we also estimated the mean effect sizes, imputing different correlation coefficients (range of values from .10 to .90).
Publication bias was evaluated using Rosenthal's file drawer analysis (Rosenthal, 1979 ) and Egger's linear regression (Card, 2012) , and applying ANOVA to compare the mean effect size of the published versus unpublished studies.
The statistical analyses were conducted using Comprehensive Meta-analysis software Version 3 (Borenstein, Hedges, Higgins, & Rothstein, 2014) , R 3.1.1 software with Metafor (Viechtbauer, 2010) and Metaplus (Beath, 2015) packages, and a Microsoft Excel spreadsheet for computing prediction intervals.
Results
Descriptive characteristics of the studies
In the final sample (n = 54), 38 studies used a between-participant design. Of these 38 studies, 58 media comparisons (i.e., effect sizes) with 169,524 participants were initially included in the meta-analysis. Note that the majority of these participants (165,778) were from four large-scale studies ; see Appendix 1, Table A1 ). In addition, 16 studies used a within-participant design, providing 18 media comparisons with 1,531 participants. Within our dataset, two studies were included in both the Wang et al. (2007) and Kingston (2008) meta-analyses, mentioned above. Another study (Higgins, Russel, & Hoffman, 2005) was also included in Kingston's work. The remaining studies included in these two meta-analyses did not meet our inclusion criteria.
Between-participants studies
Focusing on the substantive variables described in the Appendix (Table A1) , it is worth noting that the majority of the comparisons were conducted with undergraduate students (63.79%), used computers as digital devices (74.13%), included only informational texts (55.17%), and assessed comprehension by means of a mixture of textual and inferential questions (72.41%). In addition, in 44.83% of the comparisons, researchers imposed time constraints for reading the texts. Regarding extrinsic variables, 25 studies (39 effect sizes) were published papers, whereas the remaining 13 studies (17 effect sizes) included PhD dissertations (n = 6), a master thesis (n = 1), conference communications (n = 4), and an official report (n = 1). Moreover, an overview of the between-participant studies shows that 11 studies (16 effect sizes) were published or presented between 2000 and 2010, and 27 studies (42 effect sizes) between 2011 and 2017. Finally, regarding the methodological variables, 98.27% of the comparisons were from studies that recruited the sample through a non-probability sampling method, and 74.14% reported a randomized group allocation of participants. Researcher-created tasks were used in approximately 63.79% of the comparisons (see Appendix, Table A1 , for additional information).
Finally, it is worth noting that several studies did not report information about some of the coded variables. However, they were included in the dataset whenever the information provided allowed us to calculate effect sizes because our purpose was to include a sample of studies in the meta-analysis that was as representative as possible
Within-participant studies
The within-participant studies included are described in the Appendix (Table  A2) . Regarding substantive variables, a majority of the 18 comparisons reported that they were conducted with undergraduates (55.55%), used computers for digital-based reading (55.55%), used informational texts (61.11%), and assessed comprehension by means of a mixture of textual and inferential questions (55.55%). In relation to reading time, five comparisons imposed time constraints. Focusing on extrinsic variables, this dataset consisted of 11 published studies (13 effect sizes), a PhD dissertation, a bachelor thesis, and three conference communications (in all, 5 effect sizes from unpublished studies). Only four studies were reported before 2011. With regard to methodological variables, all the studies recruited the sample through a non-probability method, and eleven comparisons were conducted using researcher-created tasks.
The mean effect size, heterogeneity, and sensitivity analyses Before calculating the mean effect size, preliminary analyses were conducted to identify outliers and verify normality of the sample. Two effect sizes were identified as possible outliers Nishizaki, 2015 ; see Appendix, Table A1 ) by examining standardized residuals (values > 3), the Q-Q normal plot, and the Kolmogorov-Smirnov test with the Lilliefors correction (p = .02) in the between-participant dataset. The robust model was applied to further analyse these potential outliers, with both obtaining probabilities greater than .90. Therefore, they were removed from posterior analyses, and so the final sample of between-participant studies included 56 effect sizes. After removing outliers, effect sizes were normally distributed (p = .40).
When examining the within-participant dataset, no effect size was identified as an outlier, and so the initial 18 effect sizes were all included in the analysis. The Shapiro-Wilk normality test (p = .52) indicated that the dataset was normally distributed.
Media effect in between-participants designs
As explained above, comprehension in paper-based reading groups was used as the baseline. Therefore, negative values indicate that reading outcomes from digitalbased devices were lower than their respective paper-based groups. The mean effect size of the sample was significant (Hedges' g = -.21; 95% CI: -.28, -.14; k = 56), revealing an advantage of paper-based reading over digital-based reading. An overview of the effect sizes can be seen in Figure 3 , which provides a graphical representation of the estimated results of each reading media comparison. Each result is represented by a blue line with a dot in the centre. The dot indicates the value of the effect size (note the vertical lines marking values from -2 to 2), and the line that emerges from both sides of the dot represents the confidence interval. The longer the line, the larger the confidence interval. Lines that do not reach the zero value indicate significant effect sizes.
Note. Letters after the publication year differentiate several comparisons from the same study. Note that comparisons reported in the studies could have been recoded in the meta-analysis (see Method section). Please note that negative values indicate better outcomes for paper-based reading. Regarding the variability of the effect sizes, the heterogeneity between individual effect sizes was medium-high (I 2 = 72.24) and statistically significant (Q = 208.96, p < .001). The prediction interval was -.56 to .14, and so it was expected that the true effect size would fall in this range in 95% of all populations. Hence, the effects are large in some populations, but moderated and trivial in other populations. The wide range of effects calls for further analyses to examine potential moderating factors that would shed light on sources of differences among the studies. Thus, analyses were conducted to examine effects of substantive, extrinsic, and methodological variables. The results are reported below.
Sensitivity analyses for between-participant comparisons
The one-study-removal method (Borenstein, et al., 2009) showed that effect sizes fell between Hedges' g = -.22 and -.20 (p < .001) and did not substantially affect the mean effect size, indicating a significant advantage of paper-based reading in all cases. Special attention should be paid to the four large-scale studies mentioned above . Given that their large samples yielded a small confidence interval for their effect sizes, their influence on the overall effect could skew the results. However, excluding these studies altogether (7 effect sizes), the mean effect size was Hedges' g = -.22 (p < .001), which means they did not bias the overall effect of the reading media. Finally, given that we included "grey literature" (unpublished studies) in our meta-analysis, we repeated the meta-analysis without these studies in order to make sure that their inclusion does not compromise research quality. The mean effect size was Hedges' g = -.19 (95% CI: -.27, -.11; k = 38) when excluding all the unpublished studies (i.e., official reports, conference communications, and dissertations) and Hedges' g = -.20 (95% CI: -.28, -.13; k = 51) when only excluding the conference communications. Thus, "grey literature" did not substantially affect the overall mean effect size in this dataset.
Media effect in within-participant designs
The mean effect size of this sample of studies was also significant, and it replicated the advantage of paper-based reading over digital-based reading (d c = -.21; 95%; CI: -.37, -.06; k = 18). Figure 4 , similarly to Figure 3 , presents an overview of the effect sizes included in the dataset of studies that used a within-participant design.
Note. Letters after the publication year differentiate several comparisons from the same study. Note that comparisons reported in the studies could have been recoded in the meta-analysis (see Method section). Please note that negative values indicate better outcomes for paper-based reading. As in between-participant studies, heterogeneity of the effect sizes was high (I 2 = 89.88; Q = 167.94, p < .001), with the prediction interval ranging from -.90 to .47. Nevertheless, analyses of moderators were not performed in this dataset, due to the small number of effect sizes, and this should be taken into account when interpreting the results.
Sensitivity analyses for within-participant comparisons
One-study-removal analysis (Borenstein et al., 2009) were also consistent. Moreover, a sensitivity analysis imputing different correlation coefficients (range of values from .10 to .90) was carried out. The findings were essentially identical (the largest difference between mean effect sizes was smaller than 3%) and revealed that the meta-analysis result was robust. Consequently, the result reported was based on a correlation of .70, as recommended by Rosenthal (1991) . In addition, we also examined whether the inclusion of unpublished studies affected the overall effect of the reading media in this dataset. Thus, the mean effect size was d c = -.22 (95%; CI: -.42, -.13; k = 13) when excluding all the unpublished studies, and d c = -.23 (95%; CI: -41, -.04; k = 15) when only excluding the conference communications. Therefore, "grey literature" did not affect the overall mean effect size in withinparticipant studies either.
Publication bias
Publication bias for between-participant comparisons
The risk of publication bias was examined with three different methods. First, results from Classic fail safe-N analysis indicated that 1,727 null effect sizes would be necessary to nullify the mean effect size of the medium. This value meets Rosenthal's criterion (5k + 10), which sets 290 as the minimum for this dataset. Second, Egger's linear regression indicated a non-significant publication bias (p = .39). Finally, an ANOVA revealed that the mean effect sizes from published versus unpublished studies were not statistically different (Q B (1, 54) = .14, p = .71). All these results suggested that there was no publication bias.
Publication bias for within-participant comparisons
In this dataset, Classic fail Safe-N analysis indicated that 475 null effect sizes would be necessary to nullify the mean effect size of the media, which again was a higher value than Rosenthal's criterion (5k + 10 = 100). Additionally, Egger's linear regression yielded a non-significant publication bias (p = .20), and an ANOVA between published and unpublished studies showed no significant differences (Q B (1, 16) = .02, p = .90. Likewise, these three indicators suggested no risk of publication bias.
Moderating variables in between-participant comparisons
In the following analyses, we considered potential moderating variables, grouped by substantive, extrinsic, and methodological variables, for media effects on reading outcomes among the between-participant studies. As mentioned above, some studies lacked the necessary information about some of these variables, and so they were not included in the respective moderator analyses.
Substantive variables
We conducted an ANOVA for each substantive variable considered. These analyses indicated significant moderating effects of the allowed reading time frame (i.e., limited by task constraints vs. self-paced by participants) and text genre (i.e., informational texts with or without narrative vs. narrative only texts). No moderating effects were found for educational level, text length, type of digital device, need for scrolling, open testing, or type of comprehension because Q B values were not significant in all these cases (see Table 1 ). Examination of the reading time frame showed that comparisons in studies with time constraints yielded a significantly larger (Q B = 4.12, p = .04) print advantage (Hedges' g = -.26) than comparisons in studies in which participants were allowed to self-pace their reading (Hedges' g = -.09). Thus, although there is an overall advantage of print over digital devices, the difference is larger with time constraints than with self-paced reading, which explains 5% of the mean effect size variance.
The moderator factor of text genre revealed a significant effect, explaining 31% of the mean effect size variance. Comparisons conducted with informational texts or a combination of informational and narrative texts showed significant mean effect sizes favouring paper-based reading over digital-based reading (Hedge's g = -.27 and -.30, respectively), whereas comparisons conducted only with narrative texts showed no effect of media (Hedge's g = .01) (see Table 1 ).
Two variables are worth mentioning, even though their moderating effects did not reach significance. The advantage of paper-based reading was significant when studies used computers (Hedges' g = -.23, p < .001), but not when they used hand-held devices (Hedges' g = -.12, p = .11). Similarly, the need for scrolling as a feature of digital-based reading resulted in a significant advantage of paper-based reading (Hedges' g = -.25, p < .001), whereas the media effect was marginal and numerically smaller when scrolling was not necessary (Hedges' g = -.13, p = .06) (see Table 1 ).
Finally, due to the small number of comparisons where in-depth reading was prompted by means of an explicit strategic requirement (k = 5), the moderating effect of this variable was not examined.
[Insert Table 1 here]
Extrinsic variables
As reported above, the ANOVA with publishing status was not a significant moderator, as indicated by the Q B value (see Table 2 ). However, a meta-regression analysis revealed that the date of publication or presentation of the studies has a significant moderating effect on the mean effect size of the media. The advantage of paper-based reading over digital-based reading increased since 2000, as hypothesised in the right panel of Figure 1 . The beta coefficient of -.01 (Q R = 4.95, p = .03) indicates that the effect size favouring paper-based reading increased by .01 points a year, explaining 64% of the mean effect size variance (see Table 3 ).
Methodological variables
Four methodological variables were tested to examine their possible influence on the media effect. They were sample size, method of allocating participants to media conditions, the type of reading comprehension test, and the testing medium. Results revealed that none of these three methodological variables had a significant moderating effect, as indicated by the Q B values (see Table 2 and Table 3 ). The sampling method variable was not analysed due to lack of variability (See Appendix, Table A1 ).
[Insert Table 2 and Table 3 here]
Discussion
This study sought to address an issue of great importance in education and workrelated contexts, namely, whether and under what conditions media have an effect on reading comprehension. The strong appeal of digital-based assessment and learning environments has led many educational systems to adopt them. As findings from the current work reveal, however, digital environments may not always be best suited to fostering deep comprehension and learning. The straightforward conclusion is that providing students with printed texts despite the appeal of computerized study environments might be an effective direction for improving comprehension outcomes. However, given the unavoidable inclusion of digital devices in our contemporary educational systems, more work must be done to train pupils on dealing with performing reading tasks in digital media, as well as to understand how to develop effective digital learning environments.
The results of the two meta-analyses in the present study yield a clear picture of screen inferiority, with lower reading comprehension outcomes for digital texts compared to printed texts, which corroborates and extends previous research (Kong et al., 2018; Singer & Alexander, 2017b; Wang et al. 2007 ). These results were consistent across methodologies and theoretical frameworks.
Although the effect sizes found for media (-.21) are small according to Cohen's guidelines (1988) , it is important to interpret this effect size in the context of reading comprehension studies. During elementary school, it is estimated that yearly growth in reading comprehension is .32 (ranging from .55 in grade 1, to .08 in grade 6) (Luyten, Merrel & Tymms, 2017) . Intervention studies on reading comprehension yield a mean effect of .45 (Scammacca et al., 2015) . Thus, the effects of media are relevant in the educational context because they represent approximately 2/3 of the yearly growth in comprehension in elementary school, and 1/2 of the effect of remedial interventions.
Our investigation of moderating factors indicated that the advantage of paper-based reading is significantly larger when a reading time limit is imposed, compared to selfpaced reading. Such advantage is consistent across studies using informational texts (or a mix of informational and narrative), but no media effect is found when the studies used only narrative texts. In addition, the advantage of print reading significantly increased from 2000 to 2017. Furthermore, although they did not reach significance, the results suggest stronger media differences on computers than on hand-held devices, as well as disadvantages of digital texts that require scrolling. Finally, the results indicate that media differences do not vary according to the remaining substantive factors: age group (educational level), text length, type of comprehension assessed, or the option to revise the text to answer the questions; extrinsic factors: sample size and publishing status; or methodological factors: type of test, group allocation, and testing medium.
We discuss below the implications of the findings. In particular, how the screen inferiority effect is related to the reading practices of new generations, to theories of self-regulated learning, and to the genre of the reading materials. We then identify some of the limitations of the study and conclude by discussing several educational implications of our results.
Media effect and new generations
The adoption of new media practices often involves activating a set of cognitive processes appropriate for taking full advantage of the media. For children growing up surrounded by digital technologies, skills such as the ability to search and navigate, read critically, and multitask are essential (e.g. Salmerón, García & Vidal-Abarca, 2018) . Such skills place demands on attention and executive processes that may not be fully developed in children and adults reading digital texts. If simply being exposed to digital technologies were enough to gain these skills, then we would expect an increasing advantage of digital reading, or at least decreasing screen inferiority over the years. Contrary to this assumption, however, our results indicate that the screen inferiority effect has increased in the past 18 years, and that there were no differences in media effects between age groups. These surprising findings suggest that we cannot idly wait for screen inferiority to disappear as children are exposed to digital devices earlier and earlier in their lives, as adults gain more experience with the technology, or as technology improves. The data suggest that screen inferiority is a major challenge across age groups that becomes more severe as the presence of technology increases.
Media effect and time frames for learning
Our results do not address the cause of this persistent screen inferiority, but they provide evidence that people adopt a shallower processing style in digital environments (e.g. Wolf & Barzillai, 2009 ). The increase in media differences as technology becomes more integrated into our lives may be related to poorer quality of attention (Courage, 2017) , where deep immersion in the text is challenged (e.g. Mangen & Kuiken, 2014) . The Shallowing Hypothesis suggests that because the use of most digital media consists of quick interactions driven by immediate rewards (e.g. number of "likes" of a post), readers using digital devices may find it difficult to engage in challenging tasks, such as reading comprehension, requiring sustained attention (Annisette & Lafreniere, 2017) . According to this perspective, the more people use digital media for these shallow interactions, the less they will be able to use them for challenging tasks. Such arguments are consistent with negative correlations reported between the frequency of digital media use and text comprehension in adolescents (Duncan et al., 2015; Pfost et al., 2013) , and they suggest that we should be cautious about the introduction of digital reading in classrooms.
A relevant moderator found for the screen inferiority effect was time frame. This finding sheds new light on the mixed results in the existing literature. Consistent with the findings by with lengthy texts, mentioned above, Sidi et al. (2017) found that even when performing tasks involving reading only brief texts and no scrolling (solving challenging logic problems presented in an average of 77 words), digital-based environments harm performance under time pressure conditions, but not under a loose time frame. In addition, they found a similar screen inferiority when solving problems under time pressure and under free time allocation, but framing the task as preliminary rather than central. Thus, the harmful effect of limited time on digital-based work is not limited to reading lengthy texts. Moreover, consistently across studies, Ackerman and colleagues found that people suffer from greater overconfidence in digital-based reading than in paper-based reading under these conditions that warrant shallow processing. Sidi et al. (2017) explained that time pressure and framing the task as preliminary both justify shallow processing, which has a stronger effect in digital environments where people are used to quick and shallow tasks (e.g., Facebook, chats; see also . These empirical findings support Annisette and Lafreniere's (2017) Shallowing Hypothesis, which had previously been based on self-reports.
Our findings call to extend existing theories about self-regulated learning (see Boekaerts, 2017 , for a review). Effects of time frames on self-regulated learning have been discussed from various theoretical approaches. First, a metacognitive explanation suggests that time pressure encourages compromise in reaching learning objectives (Thiede & Dunlosky, 1999) . Second, time pressure has been associated with cognitive load. Some studies found that time pressure increased cognitive load and harmed performance (Barrouillet, Bernardin, Portrat, Vergauwe, & Camos, 2007) . However, others suggested that it can generate a germane ("good") cognitive load by increasing task engagement (Gerjets & Scheiter, 2003) . In these theoretical discussions, the potential effect of the medium in which the study is conducted has been overlooked. We see the robust finding in the present meta-analyses about the interaction between the time frame and the medium as a call to theorists to integrate the processing style adapted by learners in specific study environments into their theories.
The finding in this meta-analysis that most media effects come from tasks performed under limited time frames should be taken into account by designers of admission exams and educators. The disadvantage of digital-based reading would be especially critical if not all the examinees are tested in the same medium. Moreover, this could be also an influential factor even when they are all examined by means of digital tests, because of individual differences in adapting to the digital media. For instance, found differences in media effects on learning outcomes based on people's media preference. Clearly, additional individual difference should be considered. Thus, digital exams outcomes probably reflect not only the knowledge or skill at hand, but also such digital-specific competencies.
An encouraging finding from and Sidi et al. (2017) is that simple methodologies (e.g., writing keywords summarizing the text, framing the task as central) that engage people in in-depth processing make it possible to eliminate screen inferiority, in terms of both performance and overconfidence, even under a limited time frame. Together, these findings strongly suggest that pedagogy should play a significant role in identifying individual differences and guiding students to develop skills they miss that support a thoughtful approach to digital information, even when the task design seems to indicate the legitimacy of shallow processing.
Media effect and text genre
The text genre was another variable that moderated media effects. On the one hand, the paper-based reading advantage was consistent across studies using informational texts, or a mix of informational and narrative texts. On the other hand, studies using only narrative texts showed no effect of media on comprehension. Comprehending informational texts, compared to narratives, requires higher level processing, such as using complex academic vocabulary and structures, and these texts are less connected to real world knowledge, which makes them harder to comprehend (Graesser & McNamara, 2011) . Thus, our finding may also point to the Shallowing Hypothesis as an explanation. Nevertheless, this result must be interpreted with caution due to the small number of comparisons that used only narrative texts. In addition, among the included studies that directly compared text genre and reading medium, only reported a significant interaction between these variables, revealing a positive effect of print-based reading only on informational texts, whereas two studies found no effect of text genre .
Additional potential moderators of media effects
Future research should aim to identify other variables that may interact with media effects. In particular, moderators with effects that approached significance deserve further consideration (see Table 1 ), such as the influence of the type of device. It is important to determine whether screen inferiority is limited to desktop computers and eliminated when using hand-held devices. If this proves to be the case, it would be important to understand what cognitive processes could allow media equivalence on hand-held devices. Of the three studies included in this meta-analysis that specifically examined differences among digital devices , only found an interaction with media, reporting a negative impact of digital reading only on computers.
In addition, the need for scrolling was found to be a possible obstacle to comprehension during digital reading. Among the studies included in the meta-analysis, and Higgins, Russel, and Hoffman (2005) found that participants who read non-scrolling digital texts outperformed those who read scrolling texts, although the differences were not significant. These studies, however, were performed more than a decade ago. Nonetheless, scrolling may add a cognitive load to the reading task by making spatial orientation to the text more difficult for readers than learning from printed text. One of the questions about the scrolling findings is whether the effect of scrolling is related to longer texts or some other artefact of mouse use while reading, although text length was not found to be a moderating factor in our meta-analyses.
Limitations
We would like to call attention to some limitations in our meta-analyses. First, ten studies that met the inclusion criteria could not be included due to lack of necessary statistical data (n = 8) or non-normal distributions (n = 2).
Moreover, the effect sizes included in the meta-analyses showed high heterogeneity. The moderators considered captured some of this variance, but there is clearly unexplained variance. Consequently, additional factors potentially influencing the results could be affecting the mean effect size. In particular, factors related to research methods (e.g., the reliability of the testing tools) or to sample characteristics (e.g., SES or degree of use of digital texts for learning purposes) could be considered. These factors were missing from most of the reports we included in our meta-analyses. Therefore, we encourage researchers to investigate these possible moderators and describe their methods and samples in detail in future publications.
In addition, the interpretation of how the effect of reading media changes over generations was based on the studies' publication dates. Clearly, using the date as indicator of generation is simplistic and may affect several aspects (e.g., research methods may change throughout the years). In particular, we considered it relevant to examine how different age groups interact with the publication date. However, the distribution of age groups over the years was not broad enough to allow reliable analysis of this possible effect in our dataset. Thus, we recommend considering how different factors interact with the year of publication.
Finally, given that our purpose was to isolate the effect of media, per se, on reading outcomes, we excluded digital affordances (except for scrolling) such as hypertext reading or navigation through webpages. Their effect on reading comprehension is still an open question that warrants further research efforts.
Conclusions
In conclusion, it is clear that digital-based reading is an unavoidable part of our daily lives and an integral part of the educational realm. Although the current results suggest that paper-based reading should be favoured over digital-based reading, it is unrealistic to recommend avoiding digital devices. Nevertheless, ignoring the evidence of a robust screen inferiority effect may mislead political and educational decisions, and even worse, it could prevent readers from fully benefiting from their reading comprehension abilities and keep children from developing these skills in the first place. Thus, we call on researchers to consider how to guide students and exam takers in dealing with digital tasks such as admission tests (e.g., SAT and GMAT), tasks in work contexts, and school-related tasks that are very often performed with informational texts and under limited time frames. In particular, an important conclusion from our analysis is that there are predictable conditions that seem to allow media equivalence. It is important to appreciate these conditions, examine their validity for the task at hand, and use them whenever possible and relevant. We hope our meta-analysis will guide evidence-based decisions by policy makers and point designers and researchers toward conditions that support effective digital-based reading. 1 Non-reported values for each variable were not included in these analyses. 2 Due to the small number of effect sizes, the category "Graduates or professionals" (k = 3) was not included in this analysis.
3 Due to the small number of effect sizes, comparisons that examined only inferential comprehension (k = 3) were included in the same group as those that examined both types of comprehension. *p < .05. **p < .01. ***p < .001. 1 The variable sampling method was not included in the analyses due to lack of variability. 2 Due to the small number of effect sizes categories "Non-random but controlled" (k = 3) and "Non-random not controlled" (k = 4) were combined ("Non-random"). ***p < .001. Table 3 Meta-regression analysis of moderating effect of sample size and date of publication on mean effect sizes for reading media from the studies using between-participant designs. 
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